Background: Most applications of choice-based conjoint analysis in health use choice tasks with only two profiles, while those in marketing routinely use three or more. This study reports on a randomized trial comparing paired with triplet profile choice formats focused on measuring patient preference for hearing aids.
Introduction
The ever-increasing costs of health care have prompted most developed countries to establish evaluative bodies charged with assessing the value of drugs, therapies and devices. Traditional evaluative bodies, such as the UK's National Institutes for Health and Clinical Excellence, use cost-effectiveness of a technology compared to an arbitrary willingness-to-pay standard (e.g. Trowman et al. 2011) .
Emerging bodies include the Institut für Qualität und Wirtschaftlichkeit im
Gesundheitswesen (Institute for Quality and Efficiency in Healthcare), or IQWiG, in Germany and the Patient Centered Outcomes Research Institute (PCORI) in the US.
Worldwide, these organizations are heeding increased calls for more inclusion of patients in the assessment of outcomes and in the deliberations over new medical technologies , IQWiG 2008 , Facey et al. 2010 . To include patient input in a rigorous way, researchers and regulators have explored several stated preferences methods. These methods allow researchers to determine what aspects of treatments are most important to patients. This may go beyond side effects or cost to include wait times, travel costs or discomfort .
Hearing aids are at the intersection of these difficult issues over coverage, value of the technology and patient preferences. Hearing aids can improve the quality of life and functioning in older adults. However, the National Institute of Deafness and other Communication Disorders estimates only one in five people who could benefit from a hearing aid wear one in the US (NIDCD 2011). Part of this low level of use is a patient preference story. Hearings aids don't always work well, their owners might feel stigma for wearing them and they are expensive (Fitzpatrick and Leblanc 2010, Bertoli 2009, Franks and Beckman 1985) . The other part of the story is that Medicare, the major insurer for US adults over the age of 65, doesn't cover hearing aids (Medicare.gov 2011) . Part of the goal in evaluating the value of new technologies is to aid payers in making coverage determinations, but it is someone unclear what types of studies reimbursement decisions are based upon, especially in the US. It is hoped that the increased focus of PCORI on patient-reported outcomes in determine the value of services will result in more coverage decisions using this information. Stated preference techniques provide just the sort of patient-level information needed to give a complete picture of the device's value.
In addition to offering substantive conclusions on the relative importance of different hearing aid characteristics, the main objective of this study was identify the impact that the number of profiles in a choice experiments has on the estimated preferences. Section 2 presents background information on the stated preferences methods, including conjoint analysis and discrete choice experiments. Section 3 discusses existing knowledge on the design of choice experiments. Section 4 discusses out methods, including survey design, study population and statistical analysis. Section 5 presents our results and section 6 offers some discussion and conclusions.
Stated preferences methods
While a range of stated preference methods have been used in health (Bridges 2003) , the applications of conjoint analysis methods have rapidly increased over the past decade (Ryan and Gerard 2003 , Marshall et al. 5 2010 . Conjoint analysis relies on the theory constructed over the course of the last century from several disciplines (Thurstone 1927 , Lancaster 1966 , Luce and Tukey 1964 , McFadden 1974 , all focused on how to model our decision-making processes.
The model we use here is the multinomial logit model operationalized for economics by Daniel McFadden (McFadden 1974) . Our utility for a given item, hearing aids in this case, is comprised of a deterministic part, V and a random component, ε.
U iq =V iq +ε iq
An individual's (q) utility for the ith alternative is a function of the observed and unobserved variations in preferences. Random utility allows for some error in our decision processes. In discrete choice experiments, the utility of one set of characteristics is more than another if the individual chooses that alternative, so that:
Substituting in the deterministic and random utility components and then rearranging leave us with:
The difference in observed tastes must be greater than that of the error terms, in order for the individual to select choice i.
While conjoint analysis is often used generically to cover a range of stated preference methods (Orme 2010 , Van Houtven et al. 2011 , there is growing resistance to the use of this term by those who favor the term 'discrete choice experiments,' which relate only to choice-based methods grounded in theory 6 (Louviere et al. 2010) . Despite this important distinction in nomenclature, most applications that describe themselves as conjoint analysis actually use a discrete choice format (Pereira et al. 2011 , Marshall et al. 2010 , van Til et al. 2009 , Phillips et al. 2002 although other formats, such as graded pairs (Viscusi et al. 1991) , profile valuation (Shumway 2003) , and adaptive conjoint analysis ) are used.
In applying conjoint analysis and discrete choice methods, researchers observe patients' choices among hypothetical scenarios, and decompose this overall valuation into how they value each characteristic Gerard 2003, Bridges et al. 2008) . Such methods can also be used to explore tradeoffs among attributes , which can be used to estimate willingness-to-pay (Vroomen and Zweifel 2011) , welfare estimates (Lancsar and Savage 2004) , and maximum acceptable risks (Van Houtven et al. 2011) . These methods are different than simply asking individuals which technology they prefer. The experiments force patients to make tradeoffs between cost and comfort, for example, much as they would in real life.
Designing choice experiments
Recently, a number of methodological guidelines have been produced to inform the design, execution and analysis of these studies , Lancsar and Louviere 2008 , Ryan and Farrar 2000 , Viney et al. 2002 . Even with these methodological guidelines, there is still ongoing work relating to the actual design of the studies. These studies focus on how much the design of the choice 7 tasks influences the estimation of preferences. Randomized studies have become increasingly popular to test the impact of study design on results (Griffith et al. 2009 , Fraenkel 2010 . This field of research builds on the work of Hensher and colleagues who have been exploring the effects of designs on preferences (Caussade et al. 2005 , Hensher 2006a , Hensher 2006b , Johnson 2006 , Rose et al. 2009 , Hensher et al. 2011 ).
If a choice task is unrealistic, too complicated or poorly explained, then respondents may resort to a simplified decision rule or heuristic when making selections. These shortcuts may elicit responses that are not consistent with their preferences. Respondents may only focus on parts of the information presented (Tversky and Kahneman 1974, Payne et al. 1993) . One of the more common heuristics is to focus only on one characteristic of a choice at a time (Gillbride and Allenby 2004). Such respondents, often call non-traders or lexicographic decision makers, are often dropped from the analysis , Bishai et al. 2007 , Ryan et al. 2009 , Miguel et al. 2005 ). More recently, researchers have argued against dropping the lexicographic decision makers, given that trading only on one option may actually reflect an individual's preferences. Lancsar and Louviere (2006) Limiting the number of tasks and the number of profiles in each task has resulted from a concern about the cognitive burden associated with methods (Maddala et al. 2003 ). While there is some consensus on the number of choice tasks a respondent can answer (8-16) (Coast et al. 2006 , the number attributes that a task should have (5-8) (Hensher 2006a) , and the number of levels attribute should have (2-4) (Pinnel and Englert 1997) , there currently is little written on the number of choice profiles that should be included in each task.
The use of the paired-profile, while common in health, is not consistent with recommendations used more broadly in marketing (Sandor and Wedel 2002, Green and Srinivasan 1978) . DeShazo and Fermo (2002) took on a broad study to examine multiple factors such as the number of alternatives and the number attributes for each alternative in the design of conjoint experiments. Their primary aim was to investigate the cognitive burden of these experiments. However, in the paper, they determined that 3.25 (rounded to three) alternatives in each card were the most efficient. More recently, Burgess and Street (2006) concluded that presenting respondents with more than two choices increased the accuracy of the parameter estimates.
Methods

a. Survey design
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The first recommended step in any conjoint analysis is to derive the characteristics that will be used to define each choice. This is usually done through a literature search, consultation with experts and qualitative interviews of patients.
This particular study is part of a larger examination into hearing aid utilization. To motivate the process, a series of qualitative interviews were conducted with patients referred to study staff by their clinicians in the Johns Hopkins Hospital, Department of Otolaryngology-Head and Neck Surgery. Data were derived via open ended, in-depth interviews.
Eighteen individuals with hearing loss were invited to participate in this study. Trained fieldworkers conducted the semi-structured interviews, and encouraged participants to discuss their feelings and experiences with hearing loss and/or hearing aids. Researchers analyzed each written interview for patientreported features of hearing aids and hearing loss. The interviews were transcribed and searched for main themes. The major themes can be grouped under perceived performance, features, costs and the impact of the aid on the user. From these groups, seven attributes were selected: performance in noisy settings, performance in quiet settings, battery life, feedback, cost, comfort and whether the aid was water and sweat resistant. The definition of the attributes and their levels is detailed in Table 1 .
[Please insert Table 1] After the selection of the 7 attributes, each with two levels, the designs of the two arms of the study were created. For both designs, the cards were randomized so that each had an equal probability of being asked first. The paired design is a maineffects orthogonal design, where profiles were paired with their mirror image (as there were only two levels per attribute). This involved eight cards in total, and with each respondent responding to all cards. Sawtooth software generated a D-efficient design for the triplet and respondents responded to all twelve cards. For the triplet design, respondents were also asked to select their second-best option from the remaining two.
b. Study population
We used the Knowledge Networks online panel. The panel is probability sampled to be nationally representative. Households are recruited through address and random digit dialing and once accepted, are provided with technology to access the internet, if needed. The sampling frame includes households with and without phones or cell-phone only houses. The organization also oversamples African American and Hispanic areas based on Census tract information. Respondents take surveys online. Knowledge Networks sends reminder emails to the non-responders, followed up with a reminder telephone call to complete the survey. 500 US participants were assessed for eligibility from the panel (Figure 1 ). 177 individuals were subsequently excluded: 127 did not have hearing loss, 28 had hearing loss so profound that they would not benefit from hearing aids, and 22 declined to participate. This left 323 participants to be randomized to either the paired or the triplet designs. 146 individuals were randomized to the paired and 177 were randomized to the triplet. Conjoint analysis uses data from multiple comparisons from each participant. From the paired design, we had 1168 comparisons after two comparisons were missing from two different respondents.
For the triplet design, 2112 comparisons were analyzed after subtracting the seven missing from one respondent and a respondent who only chose card C.
c. Statistical analysis
The data of the paired and triplet experiment were analyzed with the conditional logit model/Mc Fadden's choice model (McFadden 1974 , Maddala 1983 with the selection of hearing aid option A/B/C as the dependent variable. This is coded as 1 for the chosen alternative and 0 otherwise. We used dummy coding for the attributes. All attributes were coded such that positive estimates could be expected except for the cost attribute. No intercept was included in any of the models. The parameters and standard errors of the model were estimated by maximum likelihood using clogit in STATA.
For the fully ranked data we used the rank-ordered logistic regression model, which is also known as the Plackett-Luce model (Punj and Staelin 1978) and as the exploded logit model (Ben-Akiva et al. 1985) . Maximum likelihood is used to estimate the model (Marden 1995) . Standard errors are estimated with the observed information matrix. Parameters were tested using Wald tests based on the maximum likelihood estimates and standard errors (calculated with the observed information matrix). Significance was set at p<0.05.
One issue with the dataset is that there is no crossover in the paired and triplet samples. No one in the paired sample answered any of the questions in the triplet, and vice versa. So there is some concern that our parameters may not be directly comparable. Swait and Louviere (2003) developed a procedure to test whether the two samples have different underlying parameters. In the conditional logit model the estimated parameters are confounded with the scale parameter, the inverse of the variance (Swait and Louviere 2003) . Swait and Louviere set out three scenarios that could happen with comparisons of two data sets. The first is that the relative utilities are the same in both sample, but that any differences observed is due to chance. The second is where the underlying parameters are the same but the scale parameter is different. The third is that both the coefficients and the scale parameters are different. To address the issue we first tested whether the coefficients  quiet,i , comfort,i ,  feedback,i ,  battery,i ,  cost,i ,  noisy,i ,  water,i , i=1,2 (where i=1 for paired and i=2 for triplet experiment) are equal while permitting the scale factors to differ between the paired and triplet experiment: H 0,A :  quiet,1 =  quiet,2 , comfort,1  comfort,2 ,  feedback,1 = feedback,2 ,  battery,1 =  battery,2 ,  cost,1=  cost,2 ,  noisy,1 =  noisy,2 ,  water,1 =  water,2 .
If this test was not rejected, we tested whether the scale parameters  paired and  triplet differ between the two experiments: 
Results
The average age of participants was 64.1 years (SD=12.7) and 32.8% were female. In Table 2 The median duration to complete the triplet experiment was 21 minutes. This is statistically different from the median time, 11 minutes, to complete the paired experiment (Wilcoxon rank test, z=-8.536, p<0.0001)
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The fully ranked design provided the most extreme valuations. Individuals under this design are over 5 times as likely to purchase a hearing aid that works better in noisy settings. The distance between the cost and the functionality in quiet settings expands, so that comfort is now clearly more important (OR=2.48 quiet, 2.62 comfort). All coefficients are significant at p<0.000. Additionally, the standard errors are decreasing from the paired to the triplet, and are smallest for the fully ranked design. This indicated the efficiency of the designs is improving as we ask respondents to give us more information. In Figure 2 the estimated odds ratios are shown with their confidence limits.
In Figure 5 the parameter estimates of the triplet and fully ranked experiment are plotted against the parameter estimates of the paired experiment.
Moreover, with OLS we plotted a line (without intercept) through these pairs of estimates. Both for the triplet and for the fully ranked experiment the slope of the line is larger than one, 1.46 and 1.55 respectively. This straight line suggests that the paired, triplet and fully ranked coefficients differ only by a multiplicative scalar, namely the ratio between the scale parameters, and that the scale parameter of the paired experiment is smaller than the triplet or fully ranked experiment.
The estimated relative scale between the paired and triplet experiment equals 1.49. Hypothesis H 0,A is not rejected ( 2 =3.23, df=8, p=0.919). Hypothesis H 0,B is rejected ( 2 =890.2, df=1, p<0.0001), implying that the parameters differ between the two experiments, but only up to a scaling factor. Moreover, the estimated relative scale factor 1.49 can be interpreted as a measure of heterogeneity of the error variances between the two experiments since it equals the ratio of the error 16 variances of the paired sample and the triplet sample. It implies that the relative efficiency of the triplet experiment over the paired experiment.
In examining decision heuristics, 32.2 % of the respondents made choices that were dominated by only one attribute in the paired design. 17.1% of the respondents made choices that were purely dominated by the functionality in noisy environment attribute. Figure 3 shows an example of how the distribution of one of the attributes changes from the paired to the full-ranked triplet design. Figure 4 shows the distribution of the individual parameters for all attributes and the two experiments.
An additional sensitivity check was performed to weight our sample with national sampling weights. After weighting, the fully ranked experiment still provided the most extreme valuations (available from the authors upon request).
There is no statistically difference between the weights of the two experiments (tvalue = 0.2171. p-value = 0.4141).
Willingness-to-pay (WTP) for a given attribute is an approximation of how one's welfare is improved with increases in certain attributes. This is the key way the results of conjoint experiments are translated into useful information for policymakers. Our results imply that lexicographic decision makers bias the willingness-to-pay estimates. Respondents are willing to pay $5,392 for a hearing aid that functions better in noisy settings according to the fully ranked data, but only willing to pay $3,618 under the paired design. Table 4 summarizes the various differences in WTP across the three designs. Researchers attempting to use the WTP values in economic evaluations, or policy makers trying to use them to adjust fees on programs could end up with less accurate estimations in a paired design.
Discussion
Designs incorporating three cards are better able to distinguish relative preference orderings. The paired format is the only design to have a relative ordering of the attributes different than the other two. In the paired design, comfort is rated higher than quiet settings, but not by much. The odds ratios are 1.75 (comfort) and 1.74 (quiet settings). In all of the triplet card designs, functionality in quiet settings is ranked higher than cost. We hypothesize that this is likely due to the fact that the triplet design forces respondents to trade on more than one attribute. Giving respondents an opt-out choice has also been widely discussed as a way to improve the accuracy for lexicographic decision makers (Haaijer et al. 2001 , Dhar 1997 , Brazell et al. 2006 with Brazell et al. (2006) providing some of the most recent research on how to improve those designs. In health, Ryan et al. (2004) performed a conjoint with an opt-out choice for cervical cancer screenings and concluded that it did improve the accuracy of the responses. However, we feel that our triplet design provides better utility estimation with a third option instead of a third option consisting of nothing. No relative preference information is captured when a respondent selects the opt-out option. Additionally, providing opt-out options may not provide relevant information for policy makers looking to use the conclusions of conjoint analysis to adjust benefits or design screening programs, especially if the screening program is designed for everyone within certain age ranges.
The main limitation of this study is that we were not able to do a crossover or fold-over design so that those randomized to the paired design did not answer any of the triplet conjoint profiles. This would allow us to better analyze how decision processes change when moving from the paired to the triplet design. Further research should use a fold-over design to test whether our conclusions are supported. An additional item for further research, which we are testing, is whether a paired design with levels of some attributes appearing twice on the profiles would yield results as efficient as the paired and fully ranked designs.
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This experiment is the first of its kind in health care decision-making. We find that the triplet designs, and more specifically the fully-ranked triplet design provide better assessments of preferences, with more efficiency. Conjoint has become increasingly used to evaluate health care technologies and policies and knowing what designs elicit better preference estimations are important. Our study shows the dramatic changes in the willingness to pay estimates that can happen with more refined relative utility values. 
